Abstract-Many non-coding RNAs (ncRNAs), such as riboswitches, can fold into alternate native structures and perform different biological functions. The computational prediction of an ncRNA's alternate native structures can be conducted by analyzing the ncRNA's energy landscape. Previously, we have developed a computational approach, RNASLOpt, to predict alternate native structures for a single ncRNA by generating all possible stable local optimal (SLOpt) stack configurations on the ncRNA's energy landscape. In this paper, in order to improve the accuracy of the prediction, we incorporate structural conservation information among a family of related ncRNA sequences to the prediction. We propose a comparative approach, RNAConSLOpt, to produce all possible consensus SLOpt stack configurations that are conserved on the consensus energy landscape of a family of related ncRNAs. Benchmarking tests show that RNAConSLOpt can reduce the number of candidate structures considered compared with RNASLOpt, and can predict ncRNAs' alternate native structures accurately.
I. INTRODUCTION
Non-coding RNAs (ncRNAs) play important roles in the biological regulatory system by folding into specific structures. Many ncRNAs, such as riboswitches, can transit among more than a single native structure in order to participate in different biological activities [1] . For example, the adenine riboswitch of ydhL gene of Bacillus subtilis can selectively couple the adenine metabolites, causing a structural rearrangement that can turn 'off' the formation of a transcription terminator and preclude the gene transcription of its downstream genes [2] . The determination of ncRNAs' alternate functional structures can provide deep insights into the regulatory mechanisms of ncRNAs in cellular life. Finally, computational approaches for predicting these alternate structural conformations are in great need.
A. Stable local optimal structures and energy landscape of a single RNA
The alternate functional structures of an ncRNA can be determined by analyzing its energy landscape. The exact energy landscape of an RNA consists of all feasible suboptimal structures within a certain energy range, where each suboptimal structure is directly connected to its neighboring structures (i.e. structures that differ from it by exactly one base pair). We can use approaches such as RNAsubopt [3] , to enumerate all possible suboptimal structures, and then use approaches such as BARRIERS [4] , to construct the exact energy landscape. However, the conformational space of feasible suboptimal structures can be extremely large, rendering a lot of redundant information (many suboptimal structures are similar to one another). For example, for the adenine riboswitch, the number of suboptimal structures with free energies between the 'on' and 'off' state structural conformations exceeds 10 9 . Researchers have also developed approaches that only investigate a subset of suboptimal structures. Zuker [5] has developed mfold, an approach that is able to generate, for each admissible base pair in an RNA, the minimal energy structure containing the base pair. The approaches of Pipas et al. [6] and Nakaya et al. [7] consider structures composed of coexisting stacks to reduce the number of candidates. Evers and Giegerich [8] have implemented an approach for enumerating all saturated suboptimal structures. Giegerich et al. [9] have also developed RNAShapes, which can cluster suboptimal structures according to their shapes. Lorenz and Clote [10] have developed RNALocopt, which can sample a user-defined number of locally optimal structures. Also, Lou and Clote [11] has contributed RNAborMEA, which, for an RNA secondary structure S and a number k, can compute the structure with maximum expected accuracy over all kneighbors of S.
To reduce the number of candidate structures, in our previous work [12] , we have proposed a novel approach, RNASLOpt, for predicting functional structural conformations of a single RNA by finding stable local optimal (SLOpt) structures on the RNA's energy landscape. Usually, ncRNAs' functional structural conformations have some distinctive features. First, the functional structures are energetically favorable and local optimal (LOpt) on their energy landscapes. They tend to reside at the bottom of energy basins to ensure being favored over an ensemble of other structural conformations [13] . This is because none local optimal structures can progressively fold into their neighboring structures with lower free energies easily, like rolling down a hill until reaching an energy basin (a LOpt structure). Second, the conformational transitions between any pair of alternate functional structures may involve high energy barriers, such that the ncRNA can become kinetically trapped on the energy landscape (i.e., if the energy barrier between two structures is low, then conformational transition between the two structures may occur easily).
Therefore, in order to predict ncRNAs' alternate native structures, we have proposed to exploit ncRNAs' underlying energy landscapes and search for SLOpt structures, that are not only thermodynamically stable, but also involve high energy barriers during the folding pathways to any other SLOpt structures. We formulated the following problem (RNA SLOpt problem): given an ncRNA sequence, enumerate all the SLOpt structures such that (1) their free energies are within a certain energy range ∆E from the minimum free energy (MFE), (2) they are local optimal on the ncRNA's energy landscape and (3) they are dynamically stable such that the minimal energy barrier between any two SLOpt structures is no less than a certain threshold ∆B.
To solve this problem, we have employed stack configurations (each of which contains a set of compatible stacks) to represent scaffolds of RNA secondary structures. We also have used LOpt stack configurations to approximate LOpt structures, where each LOpt stack configuration consists of a maximal number of compatible stacks (i.e., no additional stack can be added without forming pesudoknots). We enumerated all the LOpt stack configurations within an energy range ∆E from the MFE. Then, we used a fast heuristic to compute the approximated pairwise energy barriers among these LOpt stack configurations. Finally, we applied a clustering algorithm to obtain all the SLOpt stack configurations (among which all the pairwise energy barriers are greater than or equal to ∆B). Based on the generated SLOpt stack configurations, we can infer a compact representation of the RNA's energy landscape with a remarkably reduced conformational space. Moreover, from the reduced search space, we can distinguish the ncRNA's alternate native structural conformations more accurately.
B. Predicting the best consensus structure for a family of related RNAs
The biological functions of ncRNAs are usually determined by their structures. So, ncRNAs that carry out similar biological functions are likely to share similar structural conformations. Predicting secondary structures for a single RNA based on energy minimization alone typically has limited accuracy. More accurate prediction can be obtained by using comparative approaches to compute consensus structures that are conserved among related ncRNAs. Comparative approaches for predicting consensus structures can either (a) conduct sequence alignment and thermodynamic-based folding simultaneously (e.g., the Sankoff algorithm [14] , Foldalign [15] , Dynalign [16] ), or (b) rely on well-aligned sequence alignments and fold consensus structures (e.g., RNAalifold [17] [18], Pfold [19] , PETfold [20] , McCaskill-MEA [21] , CentroidAlifold [22] ), or (c) first fold each individual RNA separately and then align all the predicted structures to obtain the consensus structure (e.g., RNACast [23] , RADAR [24] ). One of the most popular comparative approaches is RNAalifold, which takes into account thermodynamic stability, covariant mutations and inconsistent base pairing into consensus folding.
C. Consensus stable local optimal structures and the consensus energy landscape for a family of related RNAs
Most of the comparative approaches can predict only the best consensus structure, while ignoring consensus suboptimal structures. These approaches are not appropriate for analyzing ncRNAs with alternate functional structures. In order to predict ncRNAs' alternate functional structures more accurately and confidently, we want to study the consensus suboptimal structures that are conserved in evolution among related ncRNAs on their consensus energy landscape. According to the distinctive features discussed in subsection I-A, we assume that the consensus functional structures of related ncRNAs should also be local optimal, residing at energy basins of the consensus energy landscape. In addition, the consensus folding pathways between any two consensus functional structures should involve high energy barriers such that the conformational transitions can not occur easily.
In the following, we propose the RNA consensus SLOpt problem (a variant of the RNA SLOpt problem): given a family of related ncRNAs, enumerate all the consensus stable local optimal structures such that (1) they are conserved among the family of related ncRNAs, (2) their consensus free energies are within a certain energy range ∆E from the MFE, (3) they are local optimal on the consensus energy landscape, and (4) they are dynamically stable such that the pairwise energy barrier between any two of them is no less than ∆B.
So far, to our knowledge, no specific method has been proposed to address this problem. In this paper, we will describe our comparative approach, RNAConSLOpt, for finding consensus SLOpt structures on the consensus energy landscape of a family of related ncRNAs. We arrange this paper as follows. In the Methods section, we describe algorithms for RNAConSLOpt. In the Benchmark Results section, we show benchmarking tests of RNAConSLOpt on known riboswitches, and compare RNAConSLOpt against RNASLOpt. Finally, we discuss RNAConSLOpt and its further applications in the Conclusion section.
II. METHODS
We describe algorithms of RNAConSLOpt in this section. RNAConSLOpt incorporates not only free energies of structures, but also covariance and conservation signals into enumerating consensus SLOpt structures. RNAConSLOpt consists of three algorithms: (1) the stack-based consensus folding algorithm, (2) the algorithm for generating all possible consensus LOpt stack configurations, (3) and the algorithm for filtering out unstable consensus LOpt stack configurations and obtaining consensus SLOpt stack configurations. In subsection II-A, we review the covariance and conservation score of aligned RNA sequences used in RNAalifold. Then, we define notations related to consensus stack configurations in subsection II-B. Finally, we describe the three algorithms in subsections II-C, II-D, and II-E.
A. Covariant mutation and structural conservation
We represent an alignment of n related RNAs, each containing exactly L bases, by A = {a 1 , . . . , a n }. By a i k , we denote the i th base of the k th RNA. The alphabet includes nucleotides {A, U, G, C} and a gap '−'. Complementary nucleotides (including A · U, G · C and G · U) can form base pairs. Following the idea of RNAalifold [18] , we consider the i th and j th columns of A to be complementary, if the covariance and conservation score between the two columns, γ ij , is no less than a threshold value γ * . Recall that γ ij is composed of a covariance score C ij and an inconsistent score q ij . Note that C ij is the bonus to compensatory mutations that maintain the pairing pattern between i th and j th columns; while q ij is the penalty to RNAs, of which the i th and j th columns can not pair. The values of γ ij , C ij and q ij are computed using Equations 1, 2 and 3, respectively:
where φ 1 is the relative weight of the inconsistent score;
where d(x, y) is the hamming distance between two nucleotides x and y (0, if x = y; 1, if x = y); 
B. Notations of consensus stacks and structures
By computing γ ij for all possible i and j, where 1 ≤ i < j ≤ L, we can determine the consensus base-pairing pattern in A. Following the convention of RNASLOpt [12] , we define the following notations. Let (i, j) represent a consensus base pair between the i th and j th columns of A. A consensus stack of A is a helical region consisting of a set of consecutive consensus base pairs, which can not extend on both ends and allow no bulges. We use p = (p b , p e , p l ) to represent a consensus stack containing the following p l consecutive consensus base pairs, {(p b , p e ), (p b + 1, p e − 1), . . . , (p b + p l − 1, pe − p l + 1)}. p b and p e are the 5' and 3' ends of the outmost base pair in p. |p| is the length of the stack p and is equal to p e − p b + 1. We use γ(p) to denote the covariance and conservation score of p. γ(p) can be computed by adding up the γ scores of all the consensus base pairs in p.
We use P(A) to denote a set of all possible consensus stacks of A, which contains at least a user-defined number of base pairs (the default value is 4). For any two stacks p and q in P(A), if p is parallel to the 5' of q (i.e. p e < q b ), then p < P q; if p is enclosed by q (i.e. q b + q l ≤ p b and p e ≤ q e − q l ), then p < I q; otherwise, p and q are incompatible. (The partial orders p < P q and p < I q can be loosely defined, allowing p and q to overlap by a few columns.) In case that p is enclosed by q, we use a stack l p,q = (q b + q l , p b − 1, 0) (or r p,q = (p e + 1, q e − q l , 0)) to represent the region that is enclosed by q and appears to the 5' (or 3') end of p. We define P(p) to be the set of all possible consensus stacks within p, and F I (p) to be a subset of P(p). A stack q ∈ P(p) belongs to F I (p), if and only if there is no stack q in P(p), such that either q < P q (i.e. q appears to the 3' of q), or q < I q (i.e. q is embedded in q).
We use configurations of consensus stacks (containing a set of compatible consensus stacks allowing no pesudoknots) to represent scaffolds of consensus structures. We also employ LOpt consensus stack configurations (each of which contains a maximal number of compatible consensus stacks) to approximate consensus LOpt structures. We use consensus free energy for evaluating each generated consensus structures. The consensus free energy contains both the covariance and conservation score, and the average free energy over all single RNAs in the alignment, and is computed in a similar manner as RNAalifold.
We define the following terminal symbols. By S(p), we denote the stabilizing consensus energy of all the stacking base pairs in a consensus stack p. H(p) is the destabilizing consensus energy of hairpin loops enclosed by p, and I(p, q) is the consensus energy of interior loops or bulges between stacks p and q. M c is a constant offset penalty for closing a multi-loop. M b and M i are constant penalties for each unpaired base and each helix in a multi-loop. We also define non-terminal symbols: F (p), C(p), F M 1(p) and F M (p), each represents the minimum consensus energy over all stack configurations within p conforming to the following constraints:
1) F (p): p b = 1 and p l = 0; 2) C(p): p l = 0 and p closes some structures within itself; 3) F M 1(p): p is within a multi-loop, and there exists at least a consensus stack q such that q l = 0 and q < I p; 4) F M (p): p is within a multi-loop.
C. Stack-based consensus folding algorithm
In the work of RNASLOpt [12] , we have described a recursive formula for computing the MFE for all possible LOpt stack configurations of a single RNA. Here, we modify the formula in order to compute the minimum consensus energy for aligned sequences of related ncRNAs (as in Equation 4 ). The major differences are that (1) we consider the consensus structures shared among related ncRNAs, instead of structures of a single ncRNA, and (2) we integrate the covariance and conservation score in evaluating the generated structures.
where φ 2 is the weight of the covariance and conservation score.
D. Generating all possible consensus local optimal stack configurations
Next, we enumerate all possible consensus LOpt stack configurations of A within an energy range of ∆E from the minimum consensus free energy. In the work of RNASLOpt [12] , we have proposed an approach for enumerating all possible LOpt stack configurations for a single RNA. We modify it for aligned RNA sequences as follows.
We use p * (where p * = (1, L, 0)) to denote the stack that covers the overall alignment of A. The minimum consensus free energy of A is F (p * ), and the energy upper bound is ∆E +F (p * ). We use a partial stack configuration ϕ 0 (where ϕ 0 = {(p * , F )}) to represent all possible consensus LOpt stack configurations on A. A partial stack configuration ϕ is composed of a set of compatible consensus stacks, where each consensus stack p is associated with one of the five labels: f inished, F , C, F M 1 and F M . For each consensus stack p in ϕ, we decompose the region covered by p into several separated sub-regions according to the label of p, and then construct a set of new partial stack configurations accordingly. The decomposition and construction are conducted through back tracking the recursive formula of Equation 4 (as described in [12] ). We repeatedly process each partial stack configuration ϕ, until either the consensus free energy of ϕ is greater than the energy upper bound, or all the consensus stacks in ϕ are labeled f inished.
During the back tracking phase, at each step, we determine whether to include a consensus stack. This procedure differs from those of RNASLOpt and RNAsubopt in that: at each step, RNASLOpt decides wether to include a stack of a single RNA; and RNAsubopt chooses whether to form a feasible base pair. RNASLOpt can greatly reduce the search space compared with RNAsubopt, because it encounters far less branching points (as the number of stacks is less than the number of feasible base pairs) [12] . Similarly, RNAConSLOpt is expected to explore a further reduced, yet evolutionarily conserved, conformational space of consensus structures compared with RNASLOpt (as the number of consensus stacks of aligned RNAs is usually less than the number of stacks in a single RNA). Note that, although RNAConSLOpt still considers a search space that grows exponentially with sequence length, it can further reduce the number of candidate structures, and thus can be applied to longer sequences with a greater energy range.
E. Clustering consensus stable local optimal stack configurations Next, we select consensus stable local optimal (SLOpt) structures from the consensus LOpt stack configurations based on pairwise consensus energy barriers. To achieve this goal, we apply a fast heuristic approach to compute the pairwise consensus energy barriers among LOpt structures. Finally, we obtain a set of consensus SLOpt structures (among which all the pairwise energy barriers are greater than or equal to ∆B) using neighbor joining clustering [12] .
III. BENCHMARK RESULTS
We conducted benchmark tests on the adenine riboswitch, the thiamin pyrophosphate (TPP) riboswitch, the lysine riboswitch and the flavin mononucleotide (FMN) riboswitch. First, we obtained primary sequences and native structural conformations of the following riboswitches as the reference: adenine -ydhL gene of B. subtilis [2] , TPP -thiamin of B. subtilis [25] [26], lysine -lysC of B. subtilis [27] and FMN -ribD of B. subtilis [28] . Next, for each riboswitch, we constructed an alignment of related sequences, as shown in subsection III-A. Then, we applied RNAConSLOpt to each alignment to produce consensus SLOpt stack configurations. Finally, we evaluated the generated consensus SLOpt structures using the reference native structural conformations and compared RNAConSLOpt against RNASLOpt.
A. Data Preparation
First, we downloaded the seed alignment of each riboswitch from the Rfam database [29] . Note that we could not use the seed alignment directly, because it is an alignment of partial sequences that are too short when compared to the full reference sequence. Next, for each partial sequence in the seed alignment, we inferred the genomic location of the full sequence accordingly. Then, we extracted all the full sequences from European Nucleotide Archive database [30] . Afterwards, we selected the reference sequence and four other sequences with lower than 90% sequence identity with the reference, and aligned them using clustalw2 [31] .
B. Results
We show the native and predicted 'on' and 'off' structural conformations of the adenine riboswitch in Figure 1 . We each (a, b) in the table, a and b denote ranks of the best consensus structures corresponding to the native 'off' and 'on' structures respectively. RankE is the rank of each predicted structure based on its free energy. RankB is the rank of each predicted structure based on its minimal associated energy barrier [12] . For each riboswitch, the best pair of ranks produced by RNASLOpt and RNAConSLOpt are bold faced. found that covariant mutations exist in both 'on' and 'off' structures and are informative for the prediction. We also compared ranks of the best predicted structures corresponding to the native 'on' and 'off' structures produced by RNAConSLOpt against the ranks by RNASLOpt in Table I .
We can see that ranks of 'on' and 'off' structures predicted by RNAConSLOpt are better than those of RNASLOpt. This is due to the power of comparative analysis in ncRNA structure prediction. RNAConSLOpt only investigates consensus stable local optimal structures residing at energy basins of the consensus energy landscape. It can further reduce the search space comparing with RNASLOpt, while still can predict both alternate native structures for riboswitches. The running time for the four benchmarking tests (on a 32 bit, 2.4 GHz Quad-processor, 3.2 GB memory PC) are 1s, 3s, 8s and 14s, respectively. It indicates that RNAConSLOpt can well be applied to alignments of length around 250.
In addition, we also compared the number of consensus SLOpt structures of aligned riboswitches against the number of SLOpt structures of the reference sequence. As illustrated in Figure 2 , the number of consensus SLOpt structures decreases as the number of related sequences increases.
IV. CONCLUSION
In this paper, we have proposed the first comparative approach, RNAConSLOpt, for producing all possible consensus SLOpt stack configurations given an alignment of related ncRNAs. Based on these consensus SLOpt structures, we can distinguish alternate functional structures for ncRNA families more accurately and confidently. Moreover, we can construct a compact representation of the consensus energy landscape of an ncRNA family. The benchmarking tests on four riboswitch families show that RNAConSLOpt outperforms RNASLOpt in reducing the number of candidate structures and improving the ranks of both predicted alternate functional structures. Like RNAalifold, the performance of RNAConSLOpt relies on quality of the alignment. In the future, we plan to collect high-quality ncRNA sequence alignments for more riboswitches and conduct more tests. We also plan to build compact consensus energy landscapes for riboswitch families using RNAConSLOpt, and then explore these landscapes in order to uncover distinctive features of riboswitch families, which can serve as additional signals for novel riboswitch detection.
